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Abstract 
The applicability and reliability of existing predictive models can definitely be improved by unraveling the 
underlying mechanisms and incorporating intracellular (microscopic) information. Following a systems biology 
approach, the link between the intracellular fluxes and the extracellular measurements is established by techniques of 
metabolic flux analysis. Flux balance analysis (FBA) uses an objective function to derive, through optimization over 
the solution space of this underdetermined linear system, an intracellular flux distribution. This paper discusses the 
background of the FBA approach and focuses on important issues with respect to the implementation of FBA analysis 
when modeling dynamic systems.  
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1.Introduction 
Most predictive models focus on simplicity and general applicability, and can be classified as black or 
gray box models with emphasis on the description of the general (population level) microbial behavior as 
a response to the environment. In the classic modeling approach, microbial and environmental 
homogeneity is assumed and bacterial growth is modeled autonomously by a logistic type equation (e.g., 
[1]). Their validity to describe pure cultures in simple, liquid media under moderate environmental 
conditions is widely illustrated and accepted. However, experiments have shown that extrapolation to 
more complex systems (e.g., co-cultures) and more stressing environmental conditions (e.g., heat) is not 
allowed as such. 
In general, applicability and reliability of existing models under more realistic conditions can be 
improved by looking inside the black box, i.e., unraveling the underlying mechanisms and incorporating 
 
* Corresponding author. 
E-mail address: jan.vanimpe@cit.kuleuven.be 
2211–601X © 2011 Published by Elsevier B.V. 
Selection and/or peer-review under responsibility of 11th International Congress on Engineering  and Food (ICEF 11) Executive Committee.
Open access under CC BY-NC-ND license.
 
© 2011 Published by Elsevier B.V.
 Selection and/or peer-review under responsibility of 11th International Congress  on Engineering and Food (ICEF 11) Executive 
Committee.
Open access under CC BY-NC-ND license.
966  Jan F. Van Impe et al. / Procedia Food Science 1 (2011) 965 – 971
intracellular information. In this respect, Metabolic Flux Analysis (MFA) is an excellent tool to gain in-
depth insight (i.e., at intracellular level) on the impact of conditions on the cell’s metabolism. Exploitation 
of MFA as a technique to develop accurate predictive models is an unexplored domain. 
For the application of metabolic network models in predictive microbiology, these models first of all 
have to be simplified. Only a set of carefully selected key variables, reactions (e.g., branch points) and 
regulatory interactions are needed to build a model with acceptable complexity. Even though the 
metabolic network model has been reduced in complexity, most often the model remains 
underdetermined. To tackle this problem, a Flux Balance Analysis (FBA) approach can be used, i.e., 
intracellular flux distributions are optimized with respect to an objective function. A major challenge is to 
harmonize the objective function used at macroscopic (population) level with the objective function used 
at microscopic (cell) level. 
2.Flux balance analysis: methodology 
Fundamental microbial research, in general, is conducted at two levels, i.e., the macroscopic and the 
microscopic level. At the macroscopic level, the overall population characteristics and behavior are 
studied. Macroscopic predictive models describe growth and inactivation dynamics of populations. 
Macroscopic level models are able to accurately predict population dynamics under non-stressing 
conditions in liquid food model systems. For process control, monitoring and optimization purposes, 
macroscopic models are preferred as they have a rather simple structure, i.e., a limited number of model 
components and parameters. To unravel mechanisms underlying the specific microbial response to, e.g., 
stressing environments or environmental gradients, information is collected at a microscopic level, i.e., a 
cellular or even an intracellular level. Last decennia, for instance, a lot of research focused on the 
intracellular stress response, e.g., the heat shock response of E. coli [2]. 
2.1.The basics of metabolic networks 
The metabolic network based modeling approach presented in this manuscript will ultimately link 
microscopic level information, enclosed in the metabolic network, with macroscopic level models which - 
in the end - are mechanistically inspired but still rather simple to use in practice. 
2.1.1.Macroscopic level 
At the macroscopic level, the most important variables defining the microbial dynamics are the 
population density N [CFU/mL], the limiting substrate(s) concentration CS, and the metabolic product(s) 
concentration CP, with μ, V, and S the specific rates for cell growth, substrate consumption, and product 
formation, respectively. The effect of intrinsic and/or extrinsic conditions [(·)] like temperature and water 
activity on the microbial behavior is included in the specific rates using specific kinetic models like the 
Cardinal Temperature Model with Inflection [3], or Monod or Haldane type relations. 
 
  (1) 
 
The generic relation between the macroscopic reaction rates is described as follows 
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  (2) 
 
with YXS and YPS the yield coefficients of biomass on substrate and product on substrate, respectively, and 
with m the maintenance factor. 
2.1.2.Microscopic level 
The intracellular dynamics can be characterized by the intracellular metabolites concentrations c, the 
intracellular reaction fluxes, i.e., the cell-specific reaction rates v, and the stoichiometric matrix S. 
 
  (3) 
 
The stoichiometric matrix S (m x n) contains in the m rows the metabolic network components while the 
n columns show how these components interact, i.e., the intracellular reactions. Each value in the matrix 
describes a specific reaction with a negative value relating to reaction substrates while a positive value is 
related to reaction products. This is illustrated in Figure 1 for the minimal network describing the relation 
between three components Ma, Mb and Mc. Multiplying the stoichiometric matrix S with the intracellular 
fluxes v renders the series of linear relations describing the metabolic network (see Figure 1). 
 
 
Fig. 1. Schematic representation of the stoichiometric modeling framework [4] 
2.1.3.Linking the microscopic and macroscopic level 
The coupling between the macroscopic and microscopic level is made at the level of the specific 
reaction rates: (i) the macroscopic level rates μ, V, and S depend on the intracellular metabolites c, and (ii) 
the intracellular metabolic fluxes v (i.e., the cell-specific reaction rates) depend on the extracellular 
concentrations such as CS and CP, physicochemical environmental conditions such as pH, temperature, 
water activity, and the physiological state(s) of the cells. 
2.2.Metabolic network model reduction 
Metabolic networks are a blueprint of all the reactions that occur inside a microbial cell during the 
biochemical process. As a result of the complexity of the microscopic level models, problems arise 
mainly due to insufficient calculation power and a shortage of intracellular experimental data. Especially 
the latter limitation is the major challenge when solving the metabolic network. Metabolic networks 
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generally tend to be underdetermined, i.e., the number of unknown variables/fluxes in the network is 
significantly smaller than the measured components. For application of metabolic network models in the 
development of predictive models, these models first of all have to be simplified (see Figure 2). 
2.2.1.Steady-state hypothesis 
A first simplification is obtained by posing the steady-state constraint yielding a subspace of possible 
solutions. Under the assumptions that (i) pseudo steady-state holds for the intracellular metabolites c, i.e., 
globally no mass is consumed or formed, and that (ii) the dilution term (-μ·c) can be neglected as 
compared to the fluxes affecting the same metabolite, the microscopic level mass balances reduce to the 
so-called general equation (see, e.g., [4] for a review). 
 
  (4) 
 
The steady-state hypothesis assumes that intracellular reactions proceed much faster than the 
macroscopic population cell dynamics. This general equation only restricts flux distributions that can be 
achieved by a specific metabolic network to feasible flux distributions, as the general equation is 
underdetermined (x fluxes are involved in y metabolites, with x logically larger than y). Multiple steady-
state conditions can be feasible. 
2.2.2.Knowledge based reduction 
Further model reduction can be obtained based on (bio)chemical knowledge. First of all, measured 
fluxes will simplify the metabolic network. Other possible data driven reductions can be obtained by 
specifying additional constraints such as reaction capacities that define minimum and maximum 
allowable flux values through individual reactions as well as other physicochemical properties [5]. 
Additional constraints can be introduced by defining one or more fluxes explicitly by kinetic relations like 
Michaelis-Menten, or by defining specific relations between certain fluxes [6]. 
2.2.3.Mathematical model reduction 
Only a set of carefully selected key variables, reactions (e.g., branch points) and regulatory 
interactions, vital to describe the studied dynamics, will be retained to build a structured model within the 
limits of acceptable complexity. Optimally, model complexity is reduced exploiting data driven methods 
like balanced truncation, intrinsic low-dimensional manifolds, and singular perturbation which can 
identify the excess reactions in the network. Also, sensitivity analysis, elementary flux mode 
determination, convex analysis theory, and the like, can be addressed to identify the final model. 
2.2.4.Flux balance analysis 
Even though the metabolic network model has been reduced in complexity by the steady-state and 
knowledge based assumptions, most often the above mentioned general equation remains 
underdetermined. A large collection of possible solutions still exists (see Figure 2). Flux balance analysis 
is an excellent tool for optimization to find an acceptable solution within the possible steady-state 
conditions. Within the flux balance analysis (FBA) approach, an optimal solution for the network can be 
found by optimizing a specific objective function (see, e.g., [7]). Generally, the optimization problem can 
be formulated as 
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  (5) 
 
in which the weights cj are optimized given the fluxes vj with respect to a specifically chosen optimization 
function Z. The optimal solution must fulfill the steady-state assumption and all fluxes vj are constrained 
between a lower boundary (lbj) and an upper boundary (ubj). Commonly implemented objective functions 
are (i) maximization of the biomass [8], (ii) maximization of ATP [9], (iii) product maximization [10], 
and (iv) maximization of the growth rate [11]. Following this FBA method, the natural regulations and 
dynamics of the pathways in the metabolic network are not considered, i.e., the fluxes within the network 
are predicted while optimizing the objective function. This means that the main assumption of FBA, i.e., a 
cell has evolved to achieve an optimal behavior, has an important drawback: the optimal solution may not 
correspond to the actual flux distribution. 
 
 
Fig. 2. Constraint-based perspective of the possible metabolic network solutions (Llaneras and Picó, 2008) 
3.Combining macroscopic and microscopic models 
By combining the FBA optimization problem (as in Eq. 5) with the macroscopic model structure (as in 
Eq. 1), a multi-scale dynamic model arises (shown in Figure 3). In this combined model, the link between 
the macro- and micro-scale is the flux vector v. The FBA model finds a flux solution by optimizing the 
objective function, based on metabolite concentrations, whereas the outer macroscopic model uses this 
flux solution to integrate the mass balance equations. 
 
 
Fig. 3. Combination of macroscopic and microscopic models into a multi-scale model structure. Cext is a vector with extracellular 
concentrations (e.g., biomass, substrate and product concentrations) and Sext is a matrix consisting of the rows of S for the 
extracellular metabolites. 
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The implementation of FBA in this multi-scale structure is complicated by two issues. (i) Solutions 
which do not correspond to optimal behavior (i.e., sub-optimal flux solutions) cannot be found by 
optimization only. Further constraining of the flux space is then needed. (ii) In some cases (e.g., a linear 
objective function), the optimal flux solution is not uniquely defined. The optimal solution is not a point, 
but a subspace of the flux space. In this case, another objective function has to be chosen which exhibits a 
unique optimum (e.g., a quadratic one), or further constraining of the solution space is needed. 
A general adjusted FBA model structure is proposed in which the objective function is parameterized 
and parameterized constraint functions are added. 
 
  (6) 
 
with F the general objective function which is parameterized with objective parameters pobj and G the 
constraint functions which are parameterized with constraint parameters pcon. The remaining problem to 
solve is then a problem of model identification: find forms for both objective and constraint functions 
(e.g., linear, quadratic, fractional), along with parameter values, which ensure that the flux solution is as 
close as possible to an experimental flux set. This approach is taken for flux sets measured at different 
environmental conditions (e.g., temperature, pH, aw). The last task is then to relate the optimal parameter 
values of the objective and constraint functions with the environmental conditions. 
4.Conclusion 
The applicability and reliability of existing predictive models under more realistic conditions will 
definitely be improved by looking inside the black box and unraveling the underlying mechanisms. MFA 
stands for an excellent tool to gain in-depth insight (i.e., at intracellular level) on the impact of process 
conditions on (the fluxes in) the cell metabolism and growth dynamics. A major challenge is to harmonize 
the objective function used at macroscopic (population) level with the objective function used at 
microscopic (cell) level. Following a systems biology approach, the link between the intracellular fluxes 
and the extracellular measurements will be established by techniques of MFA. Once this systems biology 
approach is successfully validated, it will be extended to develop next generation predictive models for 
more complex systems, such as co-cultures and structured environments. 
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